Prediction of bridge pier scour depth is essential for safe and economical bridge design. Keeping in mind the complex nature of bridge scour phenomenon, there is a need to properly address the methods and techniques used to predict bridge pier scour. Up to the present, extensive research has been carried out for pier scour depth prediction. Different modeling techniques have been applied to achieve better prediction. This paper presents a new soft computing technique called geneexpression programming (GEP) for pier scour depth prediction using laboratory data. A functional relationship has been established using GEP and its performance is compared with other artificial intelligence (AI)-based techniques such as artificial neural networks (ANNs) and conventional regression-based techniques. Laboratory data containing 529 datasets was divided into calibration and validation sets. The performance of GEP was found to be highly satisfactory and encouraging when compared to regression equations but was slightly inferior to ANN. This slightly inferior performance of GEP compared to ANN is offset by its capability to provide compact and explicit mathematical expression for bridge scour. This advantage of GEP over ANN is the main motivation for this work. The resulting GEP models will add to the existing literature of AI-based inductive models for bridge scour modeling.
As a result we have a number of empirical equations based on the principles of conventional data-driven modeling techniques such as regression analysis of available field data as well as laboratory data. The complexity of bridge scour processes requires that such models be based on datasets that include all relevant decision variables that contribute to the process of bridge scour. Further, there is also then a need that the modeling techniques used to derive empirical models for bridge scour are effective and accurate, and can capture the cause-and-effect relationship of the input and output variables involved in the process.
In summary, the two major factors affecting the advancement of bridge scour prediction methods include
(1) availability of the data (field-collected or laboratorycollected) covering all relevant parameters and (2) 
LOCAL SCOUR AROUND A BRIDGE PIER
The equilibrium local scour depth (d s ) around a circular pier ( Figure 1(a) ) over a bed of uniform and non-cohesive sediments depends on numerous decision variables including flow, sediment characteristics and pier geometry ( Figure 1(b) ). Local scour at piers is a function of the following parameters:
where V ¼ approach velocity, y ¼ approach flow depth, g ¼ acceleration due to gravity, d 50 ¼ particle mean were used in the model development. The current study will utilize available laboratory data for all such relevant variables used by researchers in the past. Table 1 summarizes the ranges of these variables in the available laboratory data collected from past literature.
The five dimensional parameters selected for use in the current study are reduced to three non-dimensional parameters as follows:
where F r is the Froude number. The above three parameters were used for the development of the ANN and GEP models. 
DEVELOPMENT OF DATA-DRIVEN MODELS FOR BRIDGE PIER SCOUR DEPTH USING LABORATORY DATA
The work described in this paper presents the development of data-driven models using different techniques for bridge scour prediction using laboratory data collected by various researchers. In the current study, three different types of model structures will be used in the development of datadriven models namely (1) regression, (2) ANN and (3) GEP. Regression-based models are evaluated for the purpose of comparison with the other two artificial intelligence (AI)-based inductive models and these consist of (1) the use of regression-based empirical formulae developed for bridge scour prediction developed by previous researchers and (2) the development of new MLR models that are trained and tested on the available laboratory data. As described above, the main motivation of this paper is to advance the data-driven modeling techniques by investigating more robust and efficient techniques that can result in more accurate and effective data-driven models for bridge scour prediction. In this regard, the current work will investigate the utility of two AI-based models (ANN and GEP) for bridge scour prediction and compare their performance to traditional regression-based models.
The laboratory data used in this work consist of 529 datasets previously used by researchers in the development of similar models using various techniques. The three types of models developed and evaluated in this work are described in the following sections. performance of both types of regression-based models is then compared to that of the more complex and nonlinear AI-based models including ANNs and GEP-based models. 
TRADITIONAL REGRESSION MODELS

Jain & Fischer (1979) equations
Jain & Fischer () developed a set of equations shown below for clear water and live bed scour conditions based on laboratory experiments:
For 0 < (F r À F rc ) < 0.2 the largest value obtained from Equations (3a) or (3b) is to be taken.
These formulae were recently used by Mohammad et al. 
Revised Shen II equation
The original Shen II equation developed by Shen () is as given below: finding the numerical values of the coefficients β 0 and β 1 by using the least-squares method, which results in the following equation:
where d s is the scour depth, b is pier width and F r is the Froude number. Accordingly, Equation (4b) 
Revised Hancu equation
The original Hancu equation developed by Hancu () is as given below:
This equation was also revised by Ab Ghani et al. () by finding the numerical values of the coefficients β 0 and β 1 by using the least-squares method, which results in the following equation:
Accordingly, Equation (5b) (6):
where a 0 , a 1 and a 2 are regression coefficients, b/y (relative pier diameter), d 50 /y (relative sediment size) and F r (Froude's number) are the independent decision variables in the regression model and BS (relative bridge scour) is the dependent variable to be predicted by the model. The results of the MLR-based modeling exercise resulted in the following equation for the prediction of bridge pier scour:
AI-BASED DATA-DRIVEN MODELS FOR BRIDGE SCOUR
An inductive or empirical model is based on data and is often used to predict, not explain, a system. The equations and calibrations of inductive models rely (more directly) on field or laboratory data, or empirical observations 3 (number of model inputs) to a maximum of 6. In all cases, the optimal results were obtained by using three neurons in the hidden layer. The model results did not vary significantly for ANN models with the number of neurons in the hidden layer ranging from 3 to 6. In the hidden and output layers, a sigmoidal activation function was used for modeling the transformation of values across the layers as given in Equation (8):
The initial weights used in the ANN model were gener- In GEP, just like the other evolutionary methods, the process starts from the random generation of an initial population. It consists of individual chromosomes of fixed length.
The chromosome may contain one or more than one genes.
Each individual chromosome of the initial population is then evaluated and their fitness is computed using a fitness function based on the mean square error. These chromosomes are then selected based on the fitness value using a roulette wheel selection process. The fitter the chromosomes, the better the chances of selection into the next generation. After selection these are reproduced with some modifications done by genetic operators. In GEP, genetic operators including mutation, inversion, transposition and recombination are used for modification. Mutation is found to be the most effective genetic operator and in most cases is found to be the only operator used to modify the chromosomes. The new individuals are then subjected to the same process of modification and the process continues until the maximum number of generations is reached or the required accuracy is achieved (Ferreira a, b) . In the GEP system, several of these genetic operators used for genetic modification of chromosomes are explained as follows (Ferreira ):
Mutation. It is the most important and influential of all the operators. In GEP modeling, mutation can take place at any position in a genome. However, the structural organization of the chromosomes must remain the same, Gene crossover. In gene crossover, entire genes are exchanged between two parent chromosomes, forming two offspring chromosomes containing genes from both parents.
The exchanged genes are randomly chosen and occupy exactly the same position in the parent chromosomes.
Since a random numerical constant is a crucial part of any mathematical model it therefore must be taken into account in deriving an empirical expression for the response function being modeled. GEP has the ability to handle random numerical constants efficiently, given a user-defined range of minimum and maximum values. The chromosome may be unigenic (single gene) or multigenic. In the current study, multigenic chromosomes (consisting of three genes) were used. Any number of population sizes can be used in the initial population but population sizes in the range of 30-100 chromosomes have given good results in the past (Ferreira b). After several trials, a population size of 30 chromosomes was selected as the optimal size and was subsequently used in all GEP-based models.
Recent application of GEP in different fields includes
2. After initializing the population, the individuals are evaluated and their fitness function was computed using the mean square error (MSE) as the fitness function: 4. The next step is to decide about the number of genes and the length of head and tail for each gene in a chromosome. According to Ferreira (b), increasing the number of genes from one to three will considerably increase the success rate; therefore after some trials three genes per chromosome were used. Head length was taken equal to 10, i.e. h ¼ 10, and since we have the maximum number of arguments per function is equal to two giving n max ¼ 2 so the tail length will be calculated by the following relation: 10 × (2 À 1) þ 1, giving a tail length t ¼ 11. To account for the random numerical Table 2 below.
6. The last step is to select the linking function. Since we have three genes these result in three different sub-ETs.
To get the final solution these sub-ETs must be linked through some linking function. In this study the addition operator (þ) was used as the linking function.
After all the parameters are defined, the model is simu- Table 2 .
The best generation has a fitness 898.3 for d s /y. The corresponding explicit equation obtained from the GEP model for d s /y is given in Equation (10) and the corresponding expression trees are shown in Figure 10 : Equation (3), (4), (5) and (7), respectively. The values of three statistical measures, i.e. R 2 , RMSE and average absolute error (AAE), were calculated for all the above-mentioned models. The performance of all models developed in terms of statistical measures is given in Table 3 . The scattered The values of the statistical measures in Table 3 shows that ANN performs better than GEP because it gives smaller values for RMSE and AAE and a slightly greater value of R 2 as compared to GEP. The scatter plot of training as well as testing using ANN is shown in Figure 6 while that using In summary, the regression-based equations show very low performances and are not suggested to be effective for design purposes. Although ANN performs slightly better than GEP with respect to the statistical measures and scatter plots it does not give any explicit mathematical expression.
Lastly, GEP has the ability to provide an explicit and compact empirical expression that can be helpful for the designers in future.
CONCLUSIONS
Bridge pier scour is a complex phenomenon and there is a need to accurately predict the scour depth. The use of new AI-based models for bridge scour modeling adds to the limited applications that exist in this area. Bridge scour modeling is challenging owing to the significant variability in the various input decision variables. This is encountered in both data-driven and process-based (deductive) modeling approaches. While deductive models may be preferred owing to their ability to better reflect the true dynamics of the process or processes modeled, there are scenarios where this is not possible, such as computational expense constraints, lack of extensive knowledge of the process being modeled, and budgetary or other non-monetary constraints that prevent the development of deductive models.
In such scenarios, data-driven models can be effectively used to model bridge pier scour based on available field or laboratory data. This paper investigated the use of MLR and AI-based data-driven models for predicting the relative bridge pier scour depth utilizing laboratory data collected previously by various research efforts. Consequently, this paper explored the utility of a range of data-driven modeling techniques, from simple (MLR) to complex (AI-based) in nature.
In particular, a new AI-based soft computing technique, GEP, was applied for the prediction of the bridge pier scour depth using laboratory model data and then its results were compared with another AI-based technique, namely ANN, as well as conventional regression-based models.
The performance of the optimal empirical model developed using GEP was found to be significantly better than all regression-based models but slightly inferior to ANN in terms of the statistical measures. Table 3 shows that the statistical measures R 2 , AEE and RMSE for GEP are superior to the regression models but slightly inferior to the ANN model. Although ANN performs slightly better than GEP but it did not give any compact mathematical expression for use by designers while the GEP has the advantage that it results in an explicit and compact equation (Equation (10)), which can be used by engineers in bridge design.
The study also validates the promise of GEP as an effective modeling tool for applications in hydraulic modeling.
GEP comes with the added advantage of providing a simple and easy-to-use empirical expression for the response function modeled. In contrast, ANN-based models require considerable data for training and are not favorable for applications where the objective is to obtain a simple, easy to use and functionally compact approximation. As the number of hidden layers and number of neurons in each hidden layer increases, the functional form extracted from these so-called black-box models can turn out to be a long expression (a linear and nonlinear combination of sigmoidal functions) with numerous terms.
